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Abstract

Multimodal learning aims to learn unified mul-
timodal representations from heterogeneous
modalities and supports many natural language
processing tasks. However, multimodal models
often exhibit modality laziness: over-relying
on a dominant modality and under-exploiting
complementary signals. Existing approaches
typically strengthen unimodal training or re-
balance modality contributions, but they may
still emphasize shared semantics and overlook
modality-specific cues. To address this, we pro-
pose SCOPE, a unified framework for learning
complete multimodal representations, achiev-
ing Shared-and-COmplementary cue PrEserva-
tion. Firstly, SCOPE uses a mutual information-
guided disentanglement module to separate
shared semantics from modality-specific cues
and mitigate representation collapse. Sec-
ondly, SCOPE aligns modalities by enforcing
structural consistency between modality-wise
semantic graphs, avoiding brittle point-wise
matching. Finally, SCOPE performs balanced
fusion via structure-aware diffusion attention to
integrate shared and complementary cues with-
out feature homogenization. Experiments on
five benchmark datasets show that SCOPE con-
sistently outperforms SOTA baselines, achiev-
ing up to 27.10% accuracy improvement.

1 Introduction

Multimodal learning aims to build models that
jointly understand and reason over heterogeneous
modalities, such as text, image, audio, and
video (Yuan et al., 2025; Li et al., 2025a; Zhou
et al., 2026). It has become a central paradigm for
many natural language processing tasks, including
sentiment analysis (Zhu et al., 2025; Guo et al.,
2025), image captioning (Lee et al., 2024; Yu et al.,
2025), and visual question answering (Fan et al.,
2024; Mo and Liu, 2024; Li et al., 2025b).

“Equal contribution.
Corresponding author.

Method Text-Only Visual-Only Multimodal

Concat 74.49 54.14 76.49
AR 74.34 57.23 78.84
DC 74.88 4451 77.46
Ours 76.53 76.88 83.82

Table 1: Multimodal sentiment analysis accuracy (%)
on MVSA. Concat: feature concatenation fusion; AR:
architectural regularization; DC: dynamic coordination.

Modality Laziness. Recent studies show that
multimodal models may over-rely on a dominant
modality whose cues are easier to exploit under the
training objective (Huang et al., 2022; Du et al.,
2023), leaving other modalities insufficiently lever-
aged (Zhang et al., 2024b). Although multimodal
fusion can improve over a single modality, the non-
dominant modality may contribute less than ex-
pected. As shown in Table 1, Concat achieves
76.49% in multimodal accuracy, while its visual-
only branch is much lower at 54.14%, suggesting
that visual cues are not fully translated into the final
decision. We refer to this behavior as modality lazi-
ness: the model predominantly optimizes on one
modality, weakening cross-modal complementarity
and limiting the benefit of multimodal fusion.

Existing Works and Their Limitations. To miti-
gate modality laziness, prior work mainly increases
the influence of non-dominant modalities during
training (Wu et al., 2022). Architectural regulariza-
tion (AR) strengthens unimodal learning by mod-
ifying the model architecture (Wei et al., 2024a;
Wei and Hu, 2024; Zhang et al., 2024a,b). Dy-
namic coordination (DC) adjusts optimization dy-
namics (e.g., modality re-weighting or gradient
balancing) to prevent training from being domi-
nated by a single modality (Lin et al., 2024; Yang
et al., 2024b; Wei et al., 2024b; Huang et al., 2025).
These methods often improve multimodal predic-
tion, but the non-dominant modality can remain
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noticeably weaker. As shown in Table 1, AR
achieves 78.84% multimodal accuracy, while the
visual-only accuracy remains much lower than the
text-only one (57.23% vs. 74.34%). This obser-
vation is consistent with the fact that real-world
modalities share high-level semantics but also con-
tain complementary cues (Liang et al., 2024): when
supervision emphasizes cross-modal agreement,
non-dominant modalities can be driven toward
shared semantics already captured by the dominant
modality, and complementary modality-specific in-
formation may be less effectively retained. This
leads to two limitations: @ Representation col-
lapse: over-emphasizing easy shared signals can
reduce feature diversity and weaken discriminabil-
ity. @ Modality-specific underuse: complemen-
tary modality-specific cues are not sufficiently pre-
served in the unified representation. These limi-
tations motivate us to ask the research question:

How can we learn a unified multimodal repre-
sentation that aligns shared semantics while pre-
serving modality-specific cues, thereby suppress-
ing modality laziness?

Challenges. To address the research question, we
face the following challenges.

e Disentangling shared and modality-specific in-
Jormation. Shared semantics and modality-
specific cues are entangled in unimodal embed-
dings, making it difficult to separate them while
keeping representations discriminative.

o Aligning modalities without distorting seman-
tics. Modalities differ in distribution and gran-
ularity, making it brittle to align them by only
pulling paired samples close. Alignment should
also preserve cross-modal neighborhood rela-
tions among samples.

o Fusing modalities without suppressing com-
plementary cues. Fusion needs to integrate
shared semantics while keeping complementary
modality-specific cues, rather than smoothing
them into a homogeneous representation.

Our Solution. To address these challenges, we
propose SCOPE (Shared-and-COmplementary cue
PrEservation), a unified multimodal framework that
learns representations via modality-specific disen-
tanglement, structure-consistent alignment, and
balanced fusion. First, we use self- and cross-
attention to highlight salient signals and introduce
a mutual information-guided disentanglement mod-
ule to separate shared semantics from comple-

mentary modality-specific cues, thereby mitigat-
ing representation collapse. Second, we propose
a structure-consistent alignment strategy to align
modalities without distorting their intrinsic geom-
etry. Specifically, we construct a semantic graph
for each modality and enforce structural consis-
tency across modalities instead of only pair-wise
matching. We theoretically derive that the graph
construction is parameter-free. Finally, we conduct
balanced fusion via structure-aware diffusion atten-
tion on the aligned structures, which propagates
cross-modal information adaptively while avoiding
feature homogenization.

We evaluate SCOPE against eight baselines on
five widely used multimodal datasets. SCOPE
achieves up to 27.10% accuracy improvement, and
ablations further validate each component.

We make the following contributions:

e We propose SCOPE, a unified framework for
learning multimodal representations beyond
shared semantics to suppress modality laziness.

e We develop an MI-guided disentanglement mod-
ule to preserve complementary modality-specific
cues and mitigate representation collapse.

e We introduce a parameter-free structural align-
ment and diffusion-attention fusion for robust
alignment and balanced integration.

2 Related Work

Modality Laziness. Modality laziness refers to
the behavior that multimodal models over-rely
on a dominant modality, leaving other modalities
under-optimized (Zhou et al., 2023b; Zhang et al.,
2024c; Park et al., 2025). In extreme cases, mul-
timodal training may even underperform strong
unimodal counterparts (Peng et al., 2022; Hwang
et al., 2025). To address this problem, many meth-
ods have been proposed, which mainly fall into two
main directions. @ Architectural regularization
modifies structures to strengthen unimodal learn-
ing, e.g., alternating unimodal optimization (Zhang
et al., 2024b), adding auxiliary components to re-
fine cross-modal associations (Yang et al., 2024a;
Saeed et al., 2022), performing pre-alignment of
unimodal embeddings (Hannan et al., 2025), or
modifying the architecture of the fusion mod-
ule (Ma et al., 2022). @ Dynamic coordination ad-
justs optimization across modalities, e.g., adjusting
modality-wise learning rates (Wang et al., 2020),
reliability-based re-weighting (Arevalo et al., 2017;
Yang et al., 2024b; Huang et al., 2025), or per-
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forming gradient modulation (Peng et al., 2022;
Wei et al., 2024b). Despite advances, these mainly
improve non-dominant modality participation, but
often do not explicitly preserve complementary
modality-specific cues in the unified space.

Multimodal Feature Disentanglement. Multi-
modal representations often mix shared seman-
tics with modality-specific cues (Hazarika et al.,
2020). A common goal is to obtain a shared-
specific decomposition or reduce cross-modal re-
dundancy. Existing methods often achieve this ei-
ther by imposing distance-based or similarity-based
regularization in the embedding space (Li et al.,
2023; Zhou et al., 2023a; Wang et al., 2025), or
by regulating cross-modal statistical dependence,
where mutual-information-related objectives are
widely used (Yang et al., 2025). For example,
ConFEDE (Yang et al., 2023) defines similar and
dissimilar features by constructing positive and
negative examples, while Uni-Code (Xia et al.,
2023) optimizes the loss of mutual information
by constructing time-series versions of the upper
and lower bounds on the use of mutual information
approximations. Inspired by the above methods,
we adopt an MI-guided objective to disentangle
shared and modality-specific cues.

3 Preliminaries

Multimodal Learning. Let D = {(x;,y:)}Y,
be a multimodal dataset, where each sample x; =
(z},...,2M) contains M modalities and y; is the
target label. We learn a multimodal predictor
f(+; ©) (with unimodal encoders { f,, (+; 0m) }_,
and a fusion head fy(-; 0)). The goal is to learn the
parameters © = {6, 01, ...,05/} by minimizing

the empirical risk:

1 N
NZ (xi;0), i), (1)

where L is cross-entropy loss of model training.

Semantic Graph. A semantic graph provides a dis-
crete proxy of the local geometry of an embedding
space. Given unimodal embeddings {h?*}}¥, for
modality m, we define a semantic graph by a non-
negative adjacency matrix G™ = [g}7] € RY*N
with row-stochastic constraints ;94 = 1. Let
o= [h" - h;”H% be the pairwise cost. Graph
construction is commonly formulated as:

min > gl ST+ Y w(eh), st Y gl =1, 95 >0,
7,7 7,7 J
2

where 1(+) is a regularizer to prevent degenerate
weight assignment and encourage locality/sparsity.
The objective is typically solved row-wise, i.e., op-
timizing {g;} }; for each node 7 under simplex con-
straints (Li et al., 2022).

4 Method

Figure 1 overviews our proposed SCOPE, which
consists of three modules: modality-specific dis-
entanglement, structure-consistent alignment, and
balanced fusion. The first module extracts dis-
criminative unimodal representations via a mutual
information-guided objective to suppress collapse.
The second aligns modalities by matching neigh-
borhood structure rather than only paired represen-
tations. The third performs structure-guided fusion
with diffusion attention to integrate complementary
cues while preserving shared semantics.

4.1 Modality-Specific Disentanglement

Prior work mainly balances modality contributions,
but may not ensure that non-dominant modalities
retain complementary cues beyond shared seman-
tics. To suppress modality laziness, we there-
fore aim to preserve modality-specific informa-
tion while maintaining cross-modal semantic agree-
ment. A key challenge is that shared and modality-
specific factors are entangled in unimodal embed-
dings. We therefore refine unimodal features and
optimize a mutual information (MI)-guided objec-
tive that strengthens matched cross-modal depen-
dence and suppresses cross-sample dependence.

Attention-Based Feature Refinement. For modal-
ity m, the unimodal encoder outputs u™ € RV*¢,
where u;" is the representation of sample i. We ap-
ply a lightweight refinement module (self-attention
followed by cross-attention) to obtain salient fea-
tures h™ € RV*%: The cross-attention module
also yields modality weights p = [p!,..., pM],
which we reuse in fusion to modulate each modal-
ity’s contribution.

MI-Guided Disentanglement. We regulate sta-
tistical dependence between cross-modal represen-
tations. For modality pair (m,n), we encourage
high dependence between representations of the
same sample to preserve shared semantics, while
suppressing dependence across different samples to
prevent collapse and retain modality-specific cues.
Formally, we consider the objective

max Z(

m#n

I} h))] = B [10750))]), ()
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Figure 1: Overview of the proposed SCOPE, which consists of three components: modality-specific disentanglement;

structure-consistent alignment; and balanced fusion.

where I(+;+) is the Shannon mutual information
(MI). The first term of Eq.(3) promotes cross-modal
agreement on shared semantics, and the second
term suppresses cross-sample dependence that can
lead to collapsed, overly shared representations. Di-
rectly optimizing I(-; -) is intractable, so we adopt
a similarity-based surrogate.

Similarity-Based Dependence Surrogate. Mu-
tual information measures statistical dependence,
but is hard to estimate in high dimensions (Zhou
et al., 2025). We therefore use pairwise similar-
ity as a tractable proxy: higher similarity indicates
stronger dependence, while near-zero similarity
suggests weak dependence. For each modality pair
(m,n), let 577" = sim(h}", h?) (cosine similarity
by default) and denote S”*" the similarity matrix.
We encourage an identity-like structure of S™" by

Lais = Lsim + Lditr,

where Loim = 3,2, SN (1 = s7™)? strength-
ens dependence for matched pairs and Lgir =
>t 2oinj(si;")? suppresses cross-sample de-
pendence. This surrogate preserves the dependence
pattern in Eq. (3) and is stable to optimize.

Remark. We adopt a similarity-based
orthogonality-style objective as a sample surro-
gate to implement the same dependence pattern
as Eq. (3): high similarity for matched pairs and
low similarity for mismatched pairs. We provide
the detailed analysis in Appendix A.

4.2 Structure-Consistent Alignment

Cross-modal alignment is necessary for compre-
hensive representations, but modalities may differ
in granularity and exhibit distinct manifold geome-
tries. Thus, aligning only paired representations
can misalign semantics by overlooking relational
structure. We instead align modalities at the struc-
ture level: we construct a sparse semantic graph per
modality to preserve its local geometry, and then
enforce cross-modal structural consistency.

Semantic Graph Construction. When construct-
ing semantic graphs via Eq. (2), the regularizer
(+) is introduced to avoid degenerate edge weight-
ing. If v is poorly chosen (or v = 0), the opti-
mization can admit trivial solutions, e.g., concen-
trating mass on a single neighbor. To avoid this,
many graph construction methods introduce hyper-
parameters (e.g., temperature or kernel bandwidth)
to control edge sharpness. However, these hyper-
parameters are sensitive to embedding scale and
modality granularity, and typically require careful
dataset- and modality-specific tuning. This tun-
ing burden is undesirable in multimodal settings,
where different modalities may exhibit different
scales and neighborhood densities. We propose

a parameter-free construction by choosing a fixed
1+g

I-g
semantic graph construction is then formulated as:

min Zw(gﬁ) fif- “)
2V

Zj g;}t:l, gZL_

regularizer ¢(g) = log( ) The objective of
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This choice yields a closed-form solution:

m

g0 e

where (-)4+ = max(-,0) and A" is determined by
> j gZL = 1. We restrict j to the k nearest neigh-
bors of ¢ where k only controls graph sparsity. We
provide the derivation details in Appendix B.1.

Theorem 1 (Parameter-Free and Scale-Invariant
Weights). Let Ny, (i) be the k-NN set and S =
> JEN () [ij- For the row-wise solution in Eg. (5),

the Lagrange multiplier \]* satisfies 3% Sj* <
N < £278. Choosing \[* = k?ﬁ 7S yields

gi’?:\/(l—

Proof. Due to the limited space, please see Ap-
pendix B.2 for detailed proof.

R )
kX teny, iy Fit /4

Theorem 1 shows that our semantic graph con-
struction is free of tunable weighting hyperparame-
ters and scale-invariant. The edge weights depend
only on local relative distances: replacing f;7* by
afji (> 0)leaves g;7 unchanged for any a > 0.

Semantic Graph Alignment. Given G =
{G!,...,GM}, we align modalities by minimiz-
ing pairwise structural discrepancy:

Ealign -

2 1 m n| 2
m%m”cr G- ©

where ||-||% is the Frobenius norm. Llign aligns
cross-modal neighborhood structures, serving as a
structure-level alternative to direct feature match-
ing and reducing manifold distortion.

4.3 Balanced Fusion

After disentanglement and structure-consistent
alignment, we obtain discriminative unimodal fea-
tures {h"} and structure-aligned graphs {G™}.
Existing fusion often relies on dense cross-sample
interactions or deep message passing, which can
cause over-smoothing and homogenize features,
diluting complementary cues and weakening dis-
crimination. Therefore, inspired by previous
work (Ning et al., 2025), we propose a balanced
fusion module that combines adaptive multimodal
integration, graph-masked attention for local aggre-
gation, and diffusion-based multi-hop propagation
to capture global context without deep stacking.

Adaptive Integration. We first unify multimodal
features and structures so that subsequent fusion

operates on a single, modality-aware representation.
We reuse the modality weights p = [p!, ..., pM]
learned in the disentanglement module to modulate
each modality’s contribution:

M M
h = Z_:lpmhm, G= Z_lpme,

where h € RV*4 and G summarizes complemen-
tary neighborhood cues across modalities.

Structure-Aware Masked Attention. To pre-
vent dense interactions from washing out modality-
specific cues, we restrict attention to semantically
meaningful neighbors supported by G. Specifi-
cally, we compute self-attention over samples and
mask it by the edge set £ of G. Let Q = hW,
and K = hW; the dense attention is:

KT
A= softmax(Q ) .
V.
We then apply a binary mask M € {0, 1
where M;; = 1if (4, j) € &, and obtain:

A= Softmax(M ® A’),

}N><N

which aligns attention with the learned semantic
structure and performs 1-hop local aggregation.

Diffusion Attention. To incorporate global se-
mantics without stacking many layers (which may
over-smooth features), we propagate information
through multi-hop neighborhoods with decayed in-
fluence. Specifically, ¢ € {0,1,2,...} denotes the
hop number, and A aggregates information from ¢-
hop neighbors. We diffuse A via an exponentially
weighted power series:

A= o A", o =£(1-9 ¢€(0,1),
t=0

where ), 0¢ = 1 and & controls the decay rate:
larger £ emphasizes nearer hops. In practice, we
approximate the infinite series by truncating it at a
finite diffusion step. We update the fused embed-
dings with a residual connection:

h < h+ Ah.

This diffusion emphasizes near neighbors while
still capturing multi-hop semantics, improving ro-
bustness to over-smoothing. The resulting h serves
as the final multimodal representation.

Remark. A is row-stochastic and thus defines a
valid attention operator. The decayed diffusion pre-
serves feature variation better than deep stacking,
mitigating over-smoothing.

29070



4.4 Opverall Training Objective

In this paper, we focus on the supervised classi-
fication task, and our framework can easily ex-
tend to other multimodal tasks by replacing the
task loss accordingly. Specifically, for each sample
i €{l1,...,N}, we feed the final fused representa-
tion h; into a prediction head to output a probability
vector y;. We minimize the cross-entropy loss:

N
1 .
Epred = N § CE(y%Yi)7
=1

where y; is the target label.

Our training includes the disentanglement loss
Lgis and the structure alignment loss Lgjign t0
preserve complementary cues and maintain cross-
modal structural consistency.

L= (z)dis[fdis + ¢align£align + ¢pred£pred~

The WeightS (l‘) = [¢disa ¢align7 (bpred] are pro-
duced by a lightweight MLP ®(-) from the current

loss values and normalized by a softmax to ensure
positivity and ), ¢; = 1.

4.5 Complexity Analysis

We analyze the complexity of each component in
SCOPE. Note that all computations are standard
mini-batch operations. Let M be the number of
modalities, B the batch size, d the feature dimen-
sion, k the average number of kept neighbors per
node in each graph, and T the diffusion depth. For
the modality-specific disentanglement module, the
cross-modal similarity cost is O(M?B2d). For the
structure-consistent alignment module, the seman-
tic graphs are constructed within each mini-batch
and sparsified by top-k neighbors. The top-£ selec-
tion adds O(M B2logk) computational cost. For
the balanced fusion module, the diffusion atten-
tion is implemented as sparse top-k propagation
with a small depth T'. The sparse diffusion costs
O(TkBd), where k controls sparsity and M, T are
small constants. Overall, SCOPE maintains moder-
ate computational complexity, which is dominated
by batch-level similarity matrices and sparse edges,
i.e., O(M?B2d + TkBd).

5 Experimental Evaluation

We detail the experimental settings in Section 5.1,
compare SCOPE with SOTA baselines in Section
5.2, evaluate SCOPE’s design in Section 5.3, and
perform an ablation study in Section 5.4.

5.1 Experiment Settings

Datasets. We evaluate SCOPE on five widely
used multimodal datasets with diverse modality
combinations. @ MVSA (Niu et al., 2016) con-
tains 4,869 visual-text samples with 3 classes. @
TumEmo (Yang et al., 2020) contains 195,265
visual-text samples with 7 classes. & CREMA-
D (Cao et al., 2014) contains 7442 visual-audio
samples with 7 classes. @ IEMOCAP (Busso et al.,
2008) contains 10,039 visual-audio-text samples
with 5 classes. @ MM-IMDb (Arevalo et al., 2017)
is a text-dominant multimodal dataset, which con-
tains 25,959 visual-text movie samples with 23
genre labels for multi-label classification. We adopt
a 7:2:1 split for training, validation, and test sets.

Baselines. We compare SCOPE with represen-
tative multimodal fusion and modality-laziness
mitigation methods, including: @ Conventional
fusion (Zhao et al., 2024): Sum, Concat, and
Late Fusion (LF). ® Architectural regularization:
LFM (Yang et al., 2024a) and MLA (Zhang et al.,
2024b). ® Dynamic coordination: CRMT (Yang
et al., 2024b), OGM (Wei et al., 2024b), and In-
foReg (Huang et al., 2025).

Metrics. We report accuracy and macro-F1 for
classification. Accuracy measures overall correct-
ness, while macro-F1 balances precision and re-
call across classes and is robust to class imbalance.
Higher is better for both metrics.

Implementation. All experiments were con-
ducted on a Linux server equipped with an In-
tel(R) Xeon(R) Gold 5320 CPU @ 2.20GHz, 1.0
TB RAM, and four NVIDIA A40 GPUs, running
Ubuntu 22.04. We extract unimodal embeddings
using pretrained encoders (CLIP ViT-B/32 (Rad-
ford et al., 2021), ImageBind (Girdhar et al., 2023),
and Qwen2.5-Omni-3B (Jin Xu, 2025)). We adopt
the AdamW optimizer (Loshchilov and Hutter,
2019) (initial learning rate 1e—4 with decay), batch
size B = 60, for 100 epochs. The self-attention
and cross-attention mechanisms used for feature
enhancement are configured with 8 attention heads.
We set the number of neighbors for semantic graph
construction to k = 30, corresponding to half of
the batch size. We use a diffusion truncation step
T = 3 for all datasets. All of the reported experi-
mental results are averaged over five runs using the
same set of random seeds across all datasets.
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Dataset | Sum Concat LF | LFM MLA | CRMT OGM InfoReg | SCOPE
Text 72.26 74.49 7434 | 72.22 7434 62.99 74.88 75.07 76.53
MVSA Visual | 47.98 54.14 53.18 | 51.45 57.23 52.99 44.51 35.26 76.88
Fusion | 77.26 76.49 76.84 | 77.37 78.84 54.19 77.46 77.84 83.82
Text 60.39 63.29 62.19 | 61.88 61.47 61.78 65.03 65.25 66.72
TumEmo Visual | 39.20 38.21 41.28 | 41.59 43.02 42.74 36.48 36.45 63.52
Fusion | 70.92 69.58 7472 | 73.25 67.16 68.58 76.11 76.22 78.10
Audio | 60.35 57.80  60.89 | 59.27 58.20 61.56 58.20 52.15 63.17
CREMA-D  Visual | 37.10 36.83 70.66 | 68.55 72.33 61.73 42.88 38.17 72.85
Fusion | 71.24 71.91 80.38 | 79.99  79.7 72.85 71.64 69.76 84.14
Audio | 47.32 42.55 5276 | 54.92 54.83 53.66 43.72 42.19 72.90
IEMOCAP Text 55.37 64.68 65.74 | 66.85 66.76 53.48 60.89 64.68 67.04
Visual | 30.35 30.71 33.19 | 3148 57.23 43.27 41.34 42.56 61.43
Fusion | 72.62 72.53 74.63 | 71.54 73.53 55.47 74.71 73.89 82.57

Table 2: Comparison of Accuracy(%) across different fusion methods and datasets. “Audio”, “Visual”, and “Text”
represent the performances of the audio, visual, and text features. “Fusion” refers to the results of multimodal fusion.
The underline denotes the second-best overall performance, while the bold font denotes the best performance.

MM-IMDb
Method Text Visual Fusion
Sum 0.4947 0.2976 0.5892
Concat 0.5095 0.2935 0.5903
LF 0.5837 0.3218 0.6038
LFM 0.5078 0.3308 0.6361
MLA 0.6074 0.3047 0.6174
CRMT 0.5849 0.3029 0.6400
OGM 0.5947 0.3771 0.6288
InfoReg 0.5833 0.3928 0.6309
SCOPE \ 0.6250 0.4249 0.6817

Table 3: Comparison of macro-F1 across different fu-
sion methods on MM-IMDb dataset. The underline
denotes the second-best overall performance, while the
bold font denotes the best performance.

5.2 Main Results
Below, we compare SCOPE with all the baselines.

SCOPE Demonstrates Superior Task Perfor-
mance. Table 2 reports unimodal and fused ac-
curacies on four datasets, from which we observe:

@ Conventional fusion is prone to modality domi-
nance. Unimodal performance can be highly imbal-
anced, indicating limited use of the weaker modal-
ity. For example, on TumEmo, text reaches 62.19%
while visual is only 41.28% under LF.

® Architectural regularization improves fusion but
may still bias toward shared semantics. Regulariza-
tion can encourage non-dominant participation, yet
complementary cues are not explicitly preserved,
so weak modalities can remain under-optimized.
For example, on IEMOCAP, LFM achieves 66.85%

Backbone | MVSA | TumEmo

| wo  SCOPE | wio  SCOPE
CLIP 80.27 8324 (2.971) | 78.49 79.86 (1.371)
ImageBind | 79.58 83.82(4.241)|74.12 78.10 (3.981)

Qwen2.5-Omni | 79.38 82.66 (3.281) | 80.43 82.33 (1.901)

Table 4: Accuracy (%) of different backbones with or
without our SCOPE on MVSA and TumEmo, where T
indicates performance improvements.

on text but only 31.48% on visual.

® Dynamic coordination strengthens fusion but
can be uneven across modalities. Re-weighting or
gradient balancing can boost fusion, but the opti-
mization may fluctuate across modalities, leading
to unstable unimodal performance. For example,
on MVSA, InfoReg attains 77.84% fusion accuracy
but reduces the visual branch to 35.26%.

® SCOPE achieves the best overall results. By pre-
serving complementary modality-specific cues and
enforcing structure-consistent alignment, SCOPE
improves both unimodal robustness and fused ac-
curacy. For example, on [IEMOCAP, SCOPE out-
performs CRMT by 19.24% on audio, 13.56% on
text, 18.16% on visual, and further improves fusion
accuracy by 27.10%.

SCOPE Remains Effective Under Strong Modal-
ity Dominance. Table 3 reports unimodal and
fused performance on the MM-IMDb dataset. We
observe that text is more predictive than image
on MM-IMDb for all methods. Importantly, our
SCOPE achieves the best unimodal and fusion per-
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Figure 2: Feature distributions on MVSA. The left panel
presents the raw embeddings, while the right panel
presents the disentangled embeddings.
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Figure 3: Effect of graph density, where k£ denotes the
number of neighbors used for graph construction, and a
smaller k yields a sparser graph.

formance among all baselines. For example, com-
pared with the best-performing method (CRMT),
SCOPE yields unimodal improvements of 23.57%
on average and a fusion improvement of 6.52%.

SCOPE Generalizes Across Backbones. Table 4
reports results of SCOPE with different pretrained
encoders on MVSA and TumEmo. SCOPE con-
sistently improves accuracy regardless of the back-
bone, showing that its gains are not tied to a specific
feature extractor. For example, on MVSA, SCOPE
improves accuracy by 3.28% with Qwen2.5-Omni
and by 4.24% with ImageBind.

5.3

Below, we evaluate the key components of SCOPE.

Micro Results

Effect of Disentanglement. Figure 2 visualizes
embeddings before and after applying our mutual
information-guided disentanglement in Section 4.1.
After disentanglement, embeddings exhibit clearer
separation in the representation space. This is
consistent with our objective, which strengthens
cross-modal agreement for matched samples while
suppressing cross-sample dependence, thereby re-
ducing redundant shared signals and retaining
modality-specific cues.

Effect of Graph Density. We study how graph

Dataset | Method | T=0 T=1 T=3 T=5
MVSA GAT | 52259 49997 12785 00314
Diffud | 52259 52531 24588 11961
TumEme | GAT | 107721 55519 05765 00499
Diffud | 107721  9.093 45649 23025
GAT | 42398 23846 12349  0.1774
CREMA-D ‘ DiffuA ‘ 42308 36404 28509  2.4025
GAT | 37057 24087 05753  0.0064
[EMOCAP ‘ DiffuA ‘ 37057 22312 14259 11924

Table 5: Dirichlet energy of different diffusion steps (7).
DiffuA represents the diffusion attention mechanism.

w/o Attn w/SA B w/CA

0.85

E= w/SA+CA

0.851

0.

Accuracy
I
~
w

0.84

0.65- »
CREMA-D

IEMOCAP

Figure 4: Effect of attention-based feature refinement on
CREMA-D and IEMOCAP, where SA and CA represent
self- and cross-attention mechanisms, respectively.

sparsity affects structure-consistent alignment by
varying the k£-NN size used in semantic graph con-
struction. Figure 3 shows a trade-off between ac-
curacy and efficiency: larger k densifies the graph
and improves accuracy but increases computational
cost. For example, on MVSA, accuracy increases
from 80.47% at k = 10 to 84.78% at k = 60,
while the per-epoch time rises from 12s to 95s.
We observe diminishing returns: most gains occur
when increasing k from 10 to 30, after which im-
provements saturate. This suggests that a relatively
sparse graph already captures the essential neigh-
borhood structure, while overly dense graphs may
add redundant or noisy neighbors.

Effect of Diffusion Steps. We examine over-
smoothing by measuring the Dirichlet energy of
multimodal embeddings produced by our diffusion
attention and a graph attention network (GAT)-
style stacking baseline while varying the diffusion
depth T' € {0,1,3,5}. Dirichlet energy reflects
feature variation over the graph, where higher val-
ues indicate less over-smoothing. Table 5 shows
that diffusion attention preserves higher energy
than GAT, particularly at small 7', supporting our
default choice of 7' = 3. The formal definition of
Dirichlet energy is provided in Appendix C.
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Method MVSA TumEmo CREMA-D IEMOCAP
w/o AFR & MID  77.07 72.24 69.24 77.60
w/o AFR 78.07 74.24 70.16 78.18
w/o MID 83.62 76.06 80.38 81.75
w/o SCA 83.39 75.44 83.16 80.20
w/o BF 82.01 75.04 83.48 82.29
SCOPE 83.82 78.10 84.14 82.57

Table 6: Prediction accuracy (%) on four datasets. @
AFR: attention-based feature refinement; @ MID: MI-
guided disentanglement; ® SCA: structure-consistent
alignment; @ BF: balanced fusion.

5.4 Ablation Study
Below, we evaluate the effect of key modules.

Effect of Attention-Based Feature Refinement.
We evaluate the refinement module by enabling
self-attention only, cross-attention only, or both,
and report the corresponding accuracy on CREMA-
D and IEMOCAP. As shown in Figure 4, both
self-attention and cross-attention improve perfor-
mance, and combining them yields the best results.
This suggests that the refinement module produces
more informative unimodal representations for sub-
sequent multimodal learning.

Effect of Modality-Specific Disentanglement.
We evaluate the impact of both attention-based fea-
ture refinement (AFR) and MI-guided disentangle-
ment (MID). Table 6 shows that removing either
component leads to a clear performance drop across
datasets. For example, on CREMA-D, removing
AFR reduces accuracy from 84.14% to 70.16%,
while removing MID reduces it to 80.38%. Remov-
ing both components further degrades accuracy to
69.24%, indicating that AFR and MID are comple-
mentary. Overall, AFR enhances salient unimodal
information, while MID suppresses redundant de-
pendence and helps preserve complementary cues
for downstream fusion.

Effect of Structure-Consistent Alignment. We
evaluate the structure-consistent alignment (SCA)
module by removing it and replacing the balanced
fusion with a standard MLP. As shown in Table 6,
accuracy on IEMOCAP drops from 82.57% to
80.20%. This suggests that SCA improves cross-
modal correspondence by aligning neighborhood
structure, which provides more reliable supervision
for subsequent fusion.

Effect of Balanced Fusion (BF). We evaluate the
balanced fusion (BF) module by replacing it with
mean pooling over node features. As shown in Ta-

ble 6, this change leads to a clear performance drop.
For example, the accuracy drops from 78.10% to
75.04% on TumEmo. This result shows that the
balanced fusion improves fusion by integrating
structure-guided multi-hop neighbors to capture
comprehensive semantics, preventing homogeniz-
ing feature distributions.

6 Conclusion

In this paper, we present SCOPE, a unified multi-
modal learning framework for mitigating modality
laziness. Firstly, we design a mutual information-
guided disentanglement objective to learn more
discriminative unimodal representations. Secondly,
we introduce a structure-consistent alignment mod-
ule that aligns modalities through semantic graphs
while preserving local neighborhood geometry. Fi-
nally, we propose a balanced fusion module based
on structure-aware diffusion attention to effectively
integrate shared semantics and complementary
cues. Experiments on five widely used multimodal
benchmarks against eight representative baselines
demonstrate that SCOPE consistently outperforms
existing SOTA methods.

Limitations

SCOPE currently assumes aligned multimodal data,
where each sample is paired across modalities. Ex-
tending it to unaligned or noisy settings is non-
trivial, since reliable cross-modal correspondence
must be established before disentanglement and
structure-consistent alignment. A practical exten-
sion is to decouple the pipeline into two stages: cor-
respondence estimation and representation learning.
Specifically, pseudo-pairs can first be constructed
via cross-modal retrieval in a pretrained embed-
ding space, while noisy matches can be filtered by
mutual-consistency checks or similarity threshold-
ing. SCOPE can then be applied to the resulting
pseudo-aligned pairs using the same disentangle-
ment, structure-consistent alignment, and fusion
objectives. We leave this extension to future work.
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A MI-Guided Disentanglement

Below we provide additional intuition for mutual
information-guided disentanglement.

Mutual information as dependence control. Mu-
tual information quantifies statistical dependence:
1(Zy; Zy) = 0iff Z; and Z; are independent. In
multimodal learning, paired samples are expected
to share semantics and thus exhibit higher cross-
modal dependence, whereas mismatched samples
should be weakly dependent. This motivates
Eq. (3), which increases dependence for matched
pairs while suppressing cross-sample dependence.

Why similarity is a practical surrogate. Esti-
mating the mutual information in high-dimensional
continuous spaces is typically intractable. We there-
fore use pairwise similarity as a tractable proxy for
dependence: higher similarity generally reflects
stronger coupling between representations, while
near-zero similarity indicates weak coupling. For
modality pair (m, n), we define a similarity matrix
S™" with (8™");; = sim(hj", h}), and encour-
age an identity-like structure (large diagonal, small
off-diagonal). This enforces the same matched-
vs.-mismatched dependence pattern targeted by the
MI-guided disentanglement objective in Eq. (3).

Connection to contrastive learning. Contrastive
objectives (e.g., InfoNCE) are commonly viewed
as variational surrogates for mutual information.
Our orthogonality-style loss offers a simpler alter-
native that avoids explicit negative sampling and
directly penalizes off-diagonal similarities, while
preserving the same dependence structure.

B Semantic Graph Construction

B.1 Derivation Details of Semantic Graph
Construction

By taking the derivative with respect to (w.r.t.) the
nonlinear weight term in Eq. (4), we have:

1+g
0log ( 1_9@,{} ) 9

gy 1—(g)?

>0,(0<g7 <1,

. T . 1+g7%
which indicates that weight term log (17%)
ij
is proportional to weight g;i due to the pos-

itive derivative, i.e., monotonically increasing

... . 1+g7%

w.r.t. g;7. In addition, weight term log (1_5;{1>
ij

projects the weight 0 < g7 < 1 to the in-

terval [log (%8) ,log (%)) [0,00). In
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sum, both properties regarding positive proportion
and nonnegative value make the nonlinear term

log (i??n ) suitable for a weight learning mecha-
nism.

We further optimize the proposed framework in
Eq. (4). The Lagrangian function of Eq. (4) is
represented as:

L= Zlog( +gji>

YA )
i J

=D digl,
/[:7j

where \ and ¢;; are Lagrangian multipliers. Ac-
cordingly, the formulation to update g;7/ could be
summarized as:

21

(1= =),

9ij =
which equals to Eq. (5).
B.2 Proof of Theorem 1

Proof. Since f]* is negatively proportional to gZ J
in Eq. (5), ie., f}' « —g;j, we have gji > g5

- under f;}' < §'~.Duetog§’]?<1,the
following 1nequa11ty can be inferred that:

27 217y
gy = o= s 0 2
215 @
:>Z(1_ )\J)+<1_ 91]
J J

By considering only k nearest neighbors, i.e.,
k k fZ”
Zj:l gij =1= Ej:l (1-=

k m k m
1_2,/ f” ) < kZ (1- f” ®)
j=

Based on Egs. (7) and (8), we could further infer

that:
2 'm
j<i< kz 25

), we have:

i - 28

2k2j:1 flJ 223':1 flj
RO S B S
Therefore, we could specifically choose the
Sk fm
lower bound A\ = 2%7?11}2’ Therefore, the

closed-form solution of g;7 can be represented as:

(k2 —-1) i
95 = |1 — —— )+
ki I
which completes the proof. O

C Definition of Dirichlet energy

We introduce the Dirichlet energy to quantify the
smoothness of node representations.

Definition 1 (Dirichlet Energy). Let G = (V,€)
be a graph with node set V and edge set £. Let
F" e RVIX4 denote the node feature matrix at
the n-th layer of a GNN. The Dirichlet energy is
defined as:

Z > IIFr —F3;

1€V JEN;

2 ?

where N is the neighborhood of node i. Over-
smoothing corresponds to representations becom-
ing nearly identical across neighbors, in which
case E(F™) — 0.
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